Commission WG VIII/8 KEY WORDS: Data assimilation, remote sensing, crop simulation model, rice yield.
INTRODUCTION
Rice is the staple food for more than half of the world's population (IRRI 2006) and is considered a main source of livelihoods for several billions of people worldwide. Rice agriculture thus plays an important role in the economy of Asian countries, including Taiwan. Impacts of climate change through global warming have recently altered the patterns of temperature and precipitation (IPCC 2007b) , triggering more extreme weather events, such as flood and drought (Chen et al. 2011; Son et al. 2012; ADB 2009 ) consequently affecting rice production (IPCC 2007a; Masutomi et al. 2009; FAO 2011; Furuya and Kobayashi 2009; Matthews and Wassmann 2003; Matthews, International, and International Rice Research 1995) .
Studies indicate that high temperature is a constraint to rice production when it exceeds optimal levels for biological processes, and 1°C increase in night time temperature during the growing cycle has been shown to cause a reduction of roughly 10-15% in rice yield (ADB 2009; Peng et al. 2004) . Predictions show that a decrease of 3.8% in rice production in Asia could be observed in this century due to water scarcity and increased temperatures (Murdiyarso 2000) , consequently causing food security issues. Thus, timely and accurate estimation and prediction of rice crop yield could allow more precise assessment of food production and better crop management strategies to provide solutions to the food challenges.
Traditional methods of rice yield estimation and prediction usually depend on sampling field measurements that are costly and time-consuming. However, the results of yield estimation are not available until the crop is harvested. Remotely sensed data have widely been used to estimate crop yields over large areas * Corresponding author because satellite-based methods are more cost-effective as well as timely than traditional surveys. Studies of crop yield estimation are mostly based on empirical regression methods that relate crop yield to remotely sensed data, such as leaf area index (LAI) and normalized difference vegetation index (NDVI) (Son et al. 2014; Fang et al. 2008; Bala and Islam 2009; DabrowskaZielinska et al. 2002; Mkhabela et al. 2011) .
The empirical models reveal limitations to predict the timedependent processes of crop growth and uncertainties under extreme weather conditions. The crop growth models can simulate fundamental processes of growth such as LAI and biomass, but often limited by their input parameters, including soil and whether conditions. The approach integrating remotely sensed data with crop simulation models (e.g., DSSAT and Oryza) has been increasingly adopted for crop yield estimation because of the capability of satellites to acquire data over a wide coverage at a high observation frequency (Delécolle et al. 1992; Clevers et al. 2002; Dorigo et al. 2007; Launay and Guerif 2005; Fang et al. 2008) . In this regard, LAI produced from satellite data are daily interpolated to provide daily observations to match the interactive time-step of crop models.
The main objective of this study to develop an approach to integrate remotely sensed data into a crop simulation model (DSSAT) for rice yield estimation in Taiwan.
STUDY AREA
The study region (Changhua and Yulin counties) covering approximately 3,170 km 2 is selected for rice crop mapping ( Figure 1 ). The population density was roughly 637 people/km 2 , concentrated in constricted plain areas. This region is one of the main rice-producing areas in Taiwan, and farmers face the challenge of rice cultivation on limited land area. The climate is subtropical with an annual mean precipitation of 1,500 mm, concentrated from May to September. The region is one of the main rice-producing areas in Taiwan, concentrated in the constricted plain areas. Farmers in this region face the challenge of rice cultivation on limited suitable land area. Rice is the most important staple food crop in Taiwan, and therefore rice production areas are officially examined annually (Chou, Lei, and Chen 2006) so that policymakers can devise timely plans to ensure food security. Rice cultivation in the region is dependent on water availability. The year can be divided into two main ricecropping seasons. The first crop is from February-March to June-July, and the second is from August-September to November-December, although the second crop might not be practiced in some areas due to weather constraints. The average size of rice fields in the study region is generally smaller than one ha (Huang, Huang, and Fu 2002) . Short-term rice varieties (110−120 days) are commonly cultivated in the region due to their high productivity. 
DATA COLLECTION
The following datasets used for rice yield simulation using DSSAT include:  Weather data: daily maximum and minimum temperature and rainfall collected for 2014 from rain gauge stations across the study region and spatially interpolated to produce daily datasets (1 km resolution), and solar radiation (1 km resolution) derived from the ASTER DEM data.  Soil properties: soil pH, soil organic carbon, soil texture, coarse fragments, cation exchange capacity, and bulk density collected from the World Soil Information (ISRIC). The data have a spatial resolution of 1 km.  Rice genotype coefficients and information of crop management, such as amount of fertilizer application (e.g., N, P, K), cropping calendar (e.g., sowing and harvesting periods), plant population, transplanting method, and row spacing collected through field surveys.  The 8-day leaf area index (LAI) data extracted from the 2014 MODIS/Terra Leaf Area Index/FPAR 8-Day L4 Global 500 m SIN Grid V006 were resampled to daily LAI.  Other ancillary data, including rice crop maps and rice yield statistics in 2014, were also collected for verification of the results of yield simulation.
METHODS
The DSSAT-rice model was integrated with the MODIS LAI for spatially simulating rice yield in the study region at 1 km grid. A general outline of data assimilation is presented in figure   2 . Figure 2 . Flowchart of the methodology used in this study for simulating rice yield using DSSAT in the study area.
The model estimates daily biomass production from emergence to harvest based on CO2 assimilation estimates. The biomass partitioning to different organs varies as a function of the phenological age of the plant. The simulation requires the calibration of crop parameters (development rates, portioning factors, relative leaf growth rate, specific leaf area, leaf death rate, sowing date, flowering date, etc.). In this study, the LAI simulated by the crop model was compared with MODIS LAI data in the optimization process.
In this study, the particle swarm optimization (PSO) algorithm, which is a population-based stochastic optimization technique. The cost function was constructed based on the differences between the simulated LAI and MODIS LAI, and the optimization process starts from an initial parameterization and accordingly adjusts parameters (e.g., planting date, planting population, and nitrogen amount) in the crop simulation model. The fitness value obtained from the cost function determined whether the optimization algorithm had reached the optimum input parameters using a user-defined tolerance. The process reinitiates the input parameters based on the root-mean-square error (RMSE) of the LAIs. The model produces crop yield and other parameters when a minimization threshold is satisfied.
The simulated yield obtained from DSSAT was spatially averaged for each township to compare with the government's yield statistics. The performance of the model was assessed using the root mean square error (RMSE), mean absolute error (MAE), calculated as follows:
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where n is the number of districts used for validation, i y is the estimated yields, and i y is the rice yield statistics.
RESULTS AND DISCUSSION
The robustness of the yield model was evaluated by comparing the estimated yields with the government's rice yield statistics ( Table 1 ). The results indicated that the values of RMSE and MAE were 11.7% and 9.7%, respectively, indicating consistency between the yield statistics obtained from the government and the simulated yields obtained from the DSSAT-Rice model. In general, several factors may exaggerated the accuracy of yield simulation results, including limitations of spatial and temporal resolutions of remotely sensed data and limited number of rain gauge stations used to derive weather data. For example, the resolution bias between remotely sensed data (e.g., LAI and soil data) and weather data, which were created by the spatial interpolation. Moreover, the model could also be affected by the mixed-pixel problems and the uncertainty of the data used in this study for the simulation.
For example, this study used solar radiation derived from ASTER DEM as well as the 8-day MODIS LAI data to generate daily LAI used for the calibration of the simulated results that also included errors due to the resampling process. Thus, further studies of rice yield simulation using parameters derived from remotely sense data could be especially investigated. In general, the spatial distributions of rice yields for the first crop in 2014 indicated that higher yields were concentrated in the north and south parts of the study region, while lower yields were generally observed along the coast and in areas where the terrain was complex (Figure 3 ). 
CONCLUSION
The main objective of this study was to develop an approach for rice yield estimation in Taiwan by integrating remotely sensed data into the DSSAT-rice model. The results compared with the government's rice yield statistics confirmed the validity of our approach for yield estimation in Taiwan, indicating that the RMSE and MAE values obtained for the first crop in 2014 were 11.7% and 9.7%, respectively. This study demonstrates the potential of DSSAT-rice model integrating with remotely sensed data for yield estimation over a large region.
